ABSTRACT Despite the promising role of orthogonal frequency-division multiplexing (OFDM) in communication systems, the optimal and practical spectrum sensing of OFDM signals for cognitive radio systems over multipath fading channels remains an important and challenging issue. This paper presents the Neyman-Pearson detection scheme of OFDM signals employing continuous pilot subcarriers. Since there are many unknown parameters in the Neyman-Pearson detector to be resolved, we also present a generalized log-likelihood ratio test (GLRT) spectrum sensor. The considered problem is complex and leads to a joint detection and estimation problem. The proposed GLRT spectrum sensor only needs received samples. Moreover, the proposed GLRT spectrum sensor is robust to the frequency selectivity of fading channels and symbol timing offset and carrier frequency offset. Simulations confirm the advantages of the proposed detector.
I. INTRODUCTION
Conventional spectrum allocation policies face scarce radio frequency resources because of the proliferation of wireless devices [1] . The Federal Communications Commission (FCC) subsequently proposed opening licensed bands to unlicensed users, resulting in the CR system [2] . The FCC defines the CRs as radio systems that continuously perform spectrum sensing, dynamically identify unused spectrum, and then operate in spectrum holes where the licensed (primary) radio systems are idle. Additionally, when cognition and cooperation schemes are adopted in cellular networks, the total energy consumed by wireless base stations and terminals can be reduced significantly [3] , [4] . Of late, the spectrum sensing (or signal detection) receives lots of attention because it is a key enabling technology for CR networks. Relevant studies are described briefly as follows.
Traditional spectrum sensing approaches are based on energy detection. A simple energy detector, [5] - [10] , i.e., received signal strength indicator (RSSI), is insufficient to determine the existence of a primary system, particularly in a low signal-to-noise ratio (SNR) region. Cyclostationaritybased spectrum sensing [11] - [13] exploits the cyclostationarity features of received signals. Cyclostationary features are attributed to the periodicity in the signal or its statistics, such as the mean and autocorrelation, and they can be intentionally induced to assist spectrum sensing.
Another class of detectors [14] - [18] for orthogonal frequency-division multiplexing (OFDM) employs cyclic prefix. The Schmidl and Cox (SC) method employed the high correlation characteristic introduced by cyclic prefix. However, the SC method [14] targets from middle to high SNRs and its performance degrades at low SNRs. The works in [16] and [17] employed an autocorrelation coefficient for spectrum sensing of OFDM signals. Sensing performance was assessed by experiments for correlationbased sensings [18] . Well known time-domain signal cross-correlation (TDSC) [19] , [20] employed time-domain correlation of pilot tones and utilized the maximum ratio combining (MRC) method to improve the sensing performance. Cooperation detection schemes [21] are outside the scope of this work. The works [22] , [23] employed pilot tones for spectrum sensing without considering the integral carrier frequency offset (ICFO).
In contrast to conventional works employing time-domain correlation [19] of pilot tones by introducing more noise owing to collection of correlation over the whole symbol, this work presents a sensing of OFDM signals using frequency-domain continuous pilot tones which incurs less noise than TDSC to improve the detection performance. This feature is important because detection performance is dominated by noise particularly at a low SNR. Notice that the pilot subcarriers are often arranged in OFDM systems, e.g., WLAN, DVB-T, DVB-A, LTE, and so on, for the purposes of channel estimation and fine carrier frequency offset (CFO) estimation. The terminology ''continuous pilot tone'' is borrowed from the DVB-T and DVB-A OFDM systems. No matter the pilot tones are continuous, discontinuous, or scattered, the proposed method can be adapted to different pilot allocation schemes. However, many unknown parameters are involved in the proposed Neyman-Pearson detector; therefore, we also present a practical generalized log-likelihood ratio test (GLRT). The proposed method depends only on the channel variance, and therefore, is robust to various channel profiles. Furthermore, the proposed technique can achieve a good performance at low SNRs requiring only a small to moderate number of OFDM symbols. Simulations confirm the advantages of the proposed detector.
The contributions of this work can be summarized as follows. (1) We propose a novel spectrum sensor based on the pilot tones. (2) Originating from the Neyman-Pearson detector, we derive its practical counterpart. (3) The proposed coherent design has a better detection performance than the traditional non-coherent design due to less incurred interferences.
The rest of this paper is organized as follows. Section II introduces the OFDM signal model and its correlation characteristics. Section III then describes the Neyman-Pearson detection. Since there are many unknown parameters need to be estimated in the proposed Neyman-Pearson detection scheme, Section IV presents the GLRT spectrum sensor and its complexity. Section V summarizes the simulation results. Conclusions are finally drawn in Section VI.
II. OFDM SIGNAL MODEL AND CORRELATION CHARACTERISTICS A. OFDM SIGNAL MODEL
We consider an OFDM system employing N subcarriers with index set {0, 1, · · · , N − 1}. The complex data S m,k of the m-th symbol on the k-th subcarrier are modulated onto the N subcarriers by means of the inverse discrete Fourier transform (IDFT). The cyclic prefix of length N G is inserted at the beginning of each OFDM symbol to prevent intersymbol interference (ISI) and preserve the mutual orthogonality of the subcarriers. Following parallel-to-serial conversion, the current m-th OFDM symbol is finally transmitted through a multipath fading channel h(l) with L uncorrelated taps, i.e., E h(l 1 
h ≡ E |h(l)| 2 , and δ(·) is the Dirac delta function. The channel taps are assumed to be quasi-stationary over M symbols.
At the receiver, after serial-to-parallel and DFT operations, the received data Y m,k of the m-th symbol on the k-th subcarrier, under the effects of the symbol time offset (STO) θ , and fractional CFO (FCFO) f , can be shown to be [24] 
where 
B. CORRELATION CHARACTERISTICS
The correlation characteristics,
, of continuous pilots within 2 consecutive symbols are determined as the following 3 cases. Doing so can reduce the required memory capacity used for storing an amount of symbols and can streamline the tasks of signal processing implemented using hardware.
Case 1):
, where P i = (P + i ) mod N denotes the continuous-pilot set under the effect of ICFO, i denotes the ICFO, and P is the original continuous-pilot set without ICFO, the correlation of consecutive symbols can be written as
where
Note that the continuous-pilot set P is independent of m.
Case 2): For m 1 = m 2 = m and
, Otherwise (8) and the ISI power
Notably, the ICI and ISI powers depend on f and θ , while they are independent of m and k. Case 3): Otherwise, it can be shown that
III. NEYMAN-PEARSON DETECTION
This section presents the classical Neyman-Pearson detector directly based on received samples. Based on the model of the received signal, whether the received data are present can be determined by writing the received signal under two hypotheses as [25] 
where H 1 and H 0 denote the hypotheses with and without the presence of signal, respectively. When N is large, the sampled data Y m,k can be modeled approximately as complex Gaussian by using the central limit theorem; in addition, the pdf of each subcarrier of the m-th symbol is given by
Based on (6), owing to continuous pilots, the received subcarriers, Y m,k and Y m+1,k , for k ∈ P i , are jointly Gaussian with pdf
Similarly, f Y m,k |H 0 , σ 2 W can be obtained as (12) by replacing σ 2 , σ 2 N ici , and σ 2 N isi with zero. With the aforementioned pdfs, the likelihood ratio used for the Neymann-Pearson hypothesis test [25] on signal detection is analyzed. For an observation window of length 2(N + N G ), the window length covers two OFDM symbols. The likelihood ratio (16) , shown at the bottom of the page, of the received m-th symbol can be expressed as the one shown on top of this page, where y denotes the received samples in the observation window. Notably, the conditions of pdfs on unknown parameters are dropped for clarity. As shown, besides received samples, the likelihood ratio requires knowledge of θ, i , f , ρ, σ 2 1 , σ 2 W . After (M + 1) symbols have been received, the loglikelihood ratio (LLR) can be expressed as
where log(·) denotes the natural logarithm function. Notably, the dependence of the LLR on θ, i , f , ρ, σ 2 1 , σ 2 W is dropped for clarity. After some manipulations, the LLR can also be written as
where η is a decision threshold and 1 (19) and 2 (20) are shown on top of the next page, where
There appears to be no closed-form expression for the distribution of this test statistic, so the threshold has to be determined empirically. It is clearly shown that, besides received samples, the LLRs, 1 and 2 , require knowledge of
and σ 2 1 , σ 2 W , respectively. As shown, is related to both the correlation-based detector 1 and the energy detector 2 .
If there are no continuous pilots, 1 = 0; therefore, = 2 . By contrast, as ρ increases owing to the presence of continuous pilots, the importance of 1 also increases accordingly.
IV. GENERALIZED LOG-LIKELIHOOD RATIO TEST (GLRT)
Besides received samples, the above Neyman-Pearson detector requires many parameters, including θ , i , f , σ 2 1 , σ 2 W , and ρ. If these parameters are perfectly known, the optimal detector can be obtained. However, these parameters are essentially unknown and need to be estimated. In this section, motivated by the Neyman-Pearson detector, we will derive a practical detector using the generalized log-likelihood ratio test (GLRT).
We derive a computationally efficient and practical detector based on the GLRT, directly operating on the nonstationary received samples of the OFDM signals. A GLRT is a standard test, that takes as test statistic a likelihood ratio where the unknown parameters are replaced with their maximum-likelihood estimates [26] .
First of all, the estimation of ρ is determined. Intuitively, based on 1 , the ML estimate of ρ can be determined aŝ
denotes the quantity conditioned on (H 1 , θ, i ) . Next, the estimations of σ 2 W and σ 2 1 are considered. To employ all received samples and average out the effect of large noise at low SNRs, all received samples are utilized. Hence,
Until now, there are still three unknown parameters θ , i , and f to be estimated. Regarding f , it can be observed that, as M → ∞, asymptotically
where the estimate of σ 2 can be expressed aŝ
Therefore, 1 (19) can also be approximated by (26) shown on top of the next page. Estimating σ 2 instead of f is important because the estimation of f requires the explicit information of θ and i , which are basically unknown and difficult to obtain, particularly at low SNRs. In contrast, the estimation of σ 2 only requires received samples. Afterρ (H 1 , θ, i ),σ 2 1 H 1 ,σ 2 W H 0 , andσ 2 (H 1 , θ, i ) are determined, the GLRT is a standard test, that takes as test statistic a likelihood ratio where the unknown parameters are replaced with their maximum-likelihood estimates. The GLRT can thus be given by
whereθ and˜ i are trial values of θ and i , respectively, and
. Notably, leads to a two-dimensional search with trial values ofθ = 0, 1, ..., N-1 (27) , it can be shown that the maximization of the above equation for various combination of θ ,˜ i only has to maximize 1 and is irrespective of 2 . After some needed manipulations, using the approximate 1 , and dropping all VOLUME 5, 2017
constants that are independent of the maximization of the LLR, (θ ,˜ i ) is given by (28) shown at the top of the page. The test statistic is practical and relies directly on received samples without needing synchronization or other impaired parameter estimation. There seems to be no closed form expression for the exact distribution of the test statistic. Hence, the decision threshold has to be computed empirically. An interesting (albeit unrealistic) situation occurs when (θ, i ) is free from noise and interference. In such a case, SNR → ∞, such that ρ ≈ 1, which leads to (θ, i ) → ∞. Therefore, the detector provides the remarkable robustness against estimation errors of unknown parameters.
The proposed approach needs two major steps, i.e., estimation and detection. First, the decision metric with the maximum value is selected among the trials (θ ,˜ i ) via (27) . The DFT operation is implemented after discarding the CP. Notice that the STO is implicitly handled and estimated using (27) over all potential trials. Next, the decision metric is compared with the decision threshold η via (18) to make the hypothesis.
A. COMPLEXITY ANALYSIS
The computational complexities of the proposed and the TDSC spectrum sensors are compared here. Since the computational complexity of an addition, complex conjugation, comparison operation, or other nonlinear operations is much lower than that of a multiplication operation, and the number of division is much lower than that of multiplication, only the number of multiplication is calculated for simplicity. Besides, since the STO and ICFO are not considered in the TDSC spectrum sensor, their impacts are neglected here. Under this situation, according to the low-complexity algorithms in [27] , the required numbers of multiplication of each symbol for calculating the auto-and cross-correlations ( 
V. PERFORMANCE EVALUATION AND DISCUSSION
Monte Carlo simulations were conducted to assess the performance of the proposed detector. An OFDM system with N = 64 and N G = 16 was considered. The simulated modulation scheme is QPSK. The signal bandwidth is 25 MHz. The carrier frequency is 2.4 GHz, and the subcarrier spacing is 390.6 kHz. The OFDM symbol duration is 2.56 µs. Additionally, simulation results are evaluated under the effects of ICFO = 3 and CFO being 30% subcarrier spacing, i.e., 117.18 kHz. The results are averaged over 1,000 random realizations of a Rayleigh multipath fading channel. The channel taps are randomly generated using independent zeromean unit-variance complex Gaussian random variables. The performance is averaged over 5,000 trials. During each trial, unless otherwise stated, the performance is assessed at an SNR of −6 dB. of detection, P d , arises consistently with the increase of false-alarm rate, P fa . Most importantly, the performance of the proposed detector can approach that of the Ideal case, which verifies the efficacy of the proposed approach. With the computation price paid, the gain can be attributed to the coherent design in contrast to the non-coherent counterpart.
The pilot tones (or pilot subcarriers) are inserted in the frequency domain; therefore, they spread over the whole symbol in the time domain. Traditional TDSC approach collects their energy in the time domain. By contrast, we directly utilize them to get rid of the interferences incurred from the synchronization errors and data subcarriers. Intuitively, the proposed method induces less interference than the TDSC with the price of the computation paid for obtaining the pilot subcarriers. Fig. 2 presents the ROC of the proposed detector under M = 40 and various numbers of pilot set, i.e., N 1 . As shown, the performance of the proposed detector can be effectively enhanced by increasing the number of pilot set. the performance of the proposed detector can intuitively be enhanced by increasing the number of symbols. Therefore, if the available number of pilot subcarriers is limited, it is worth increasing the number of sample symbols to improve the detection performance. Fig. 4 plots the variation of the ROC of the proposed detector under various channel realizations, M = 80 and N 1 = 4. As shown, the proposed detector is robust to channel variability. According to (15) and (18), only 1 of the proposed detector relates to frequency selective fading channels, and hence, ρ or channel variance σ 2 H instead of channel profiles.
VI. CONCLUSIONS
The Neyman-Pearson detector, together with its practical implementations, GLRT, over frequency selective channels are considered. Although the energy detector is simple and attractive for the spectrum sensing owing to its good performance at a high SNR, we formally obtained the detector, which is related to both the correlation-based detector and the energy detector. Moreover, without utilizing specific features of involved signals, the energy detector is unable to differentiate the signal of interest from another signal in addition to noise. Practical estimations for various unknown parameters are proposed for the GLRT. The proposed GLRT based on the continuous subcarriers is independent of channel profiles and has potential for future spectrum sensing.
